Sasol, an integrated energy and chemicals company based in South Africa, leads the world in producing liquid fuels from natural gas and coal. Sasol faces many challenges, such as stricter fuel specifications, fluctuating oil and gas prices, and unique developing-world issues. Historically, the petrochemical industry based business decisions on average production limits. Sasol critically needed a better method to understand and include the effect of variability and dynamics in its decisions. The company's modeling operations using stochastic simulation (MOSS) methodology is an application of operations research that has helped to radically improve decision making. Sasol used this methodology to build three discrete-event simulation models spanning its unique coal-to-liquids value chain. The models have repeatedly proven their value by enhancing insights, enabling collaboration, ensuring efficient and effective production, and improving Sasol's bottom line. This work has applications in the wider chemical and fuels industries and represents a major step forward for operations research and chemical engineering.
S asol pioneered the industrialization of FischerTropsch processes to produce synthetic fuels from low-grade coal in 1955. The company has also extended and adapted its classic technologies to use natural gas as a feedstock and has added a range of chemicals to its product slate. Sasol had a market capitalization of over $23 billion in 2009. One of the topfive publicly listed companies in South Africa, it is listed on the Johannesburg and the New York Stock Exchanges. In 2009, BusinessWeek ranked Sasol 24th in a list of the world's best companies; it based this ranking on criteria such as a commitment to innovation, diversified portfolios, aggressive expansion, strong leadership, and a clear vision for the future.
Sasol operates in 38 countries and produces about 34 percent of South Africa's total liquid fuels requirements. It complements its diversified fuel, chemical, and related manufacturing and marketing operations, with interests in technology, research and development, oil and gas exploration and production, Interfaces 41(1), pp. 79-92, © 2011 INFORMS alternative and renewable energy initiatives, and coal mining. The Sasol Synfuels coal-to-liquids facility in Secunda, South Africa is the largest business unit in the Sasol group. It consists of two factories (East and West) that are almost mirror images of each other, and additional facilities for processing of the fuels and chemical components that these factories produce. Sasol Synfuels uses 110,000 tons of coal a day to produce 160,000 barrels of liquid fuels and chemicals. The fuels production facility covers about five square miles on the Secunda site. Other business units in Secunda and other sites in South Africa use chemical components produced by Sasol Synfuels to make chemical products for domestic and international customers.
Sasol Technology's operations research (OR) team has actively supported decision making at Sasol Synfuels for the last 10 years. We developed a suite of models that simulate the production in the East and West factories and associated chemical businesses. The models also simulate Sasol's integrated distribution networks.
Challenges
Modeling Sasol's unique coal-to-liquids value chain is challenging for several reasons:
1. Sasol's production facilities are complex and highly integrated; 2. fuels and chemical production combines continuous, semibatch, and batch processes; 3. many inherent production factors influence fuel and chemical components;
4. availability and quality of production information is limited; 5. streams may be highly correlated over time; and 6. multiple businesses with different goals are involved.
Historically, the petrochemical industry has used average-based approaches to support decisions. One such technique is to use mass balance models, which are often implemented in spreadsheets. Another technique is the use of linear programming (LP) optimization of key processes for planning. Neither approach adequately reflects the statistical variability of operations. Using them to model the complicated dynamics of our facilities, which are nonlinear and stochastic in nature, is also difficult. Although fundamental chemical engineering models can simulate the dynamics at thermodynamic and kinetic levels, they cannot handle the complexity of a total facility. To make decisions for capital and smaller operational projects, Sasol critically needed a better method to help it to understand and include the effect of variability and dynamics in its plants. OR provided new insights and approaches for analyzing the company's complicated and integrated value chain.
Solutions Considered
We considered a number of methodologies to introduce variability and analyze the impact of the interactions within the value chain. We investigated extending mass balance spreadsheets and executing them iteratively; however, even if we added custom code, the problem was too complex. Another possibility was to apply LP optimization models of key processes for different time buckets iteratively as conditions and constraints changed. Neither of these approaches adequately addressed variability in production processes and changing operating philosophies. A third possibility, chemical engineering models, focused on single-process units and could not handle the integrated systems. The OR team concluded that simulation modeling would fill the decision support gap and complement the existing mass balance, LP, and fundamental engineering models. This technique can capture the complex integration of batch and continuous plants and reflect the variability over time throughout the facility.
Solution Selected
The OR team developed Sasol's modeling operations using stochastic simulation (MOSS) methodology using a discrete-event simulation approach. MOSS takes continuous petrochemical systems and considers the flow of liquids and gases as blocks of volume, which can then be tracked through the various process units at regular intervals. It considers the interactions between process units at every interval and adjusts production accordingly. Meyer and Pretorius (2001) scoped the problem and proposed the use of stochastic simulation modeling in the petrochemical industry. Meyer (2004) showed how stochastic simulation modeling supports decisions in this industry and proved the concept of using discrete-event simulation to provide this decision support.
An "off-the-shelf" model was not available to address Sasol's unique coal-to-liquids process. Therefore, the OR team chose Rockwell Software's Arena as the simulation framework on which to build Sasol's stochastic simulation models. Arena provides all the basic building blocks, advanced random number generation, and sophisticated summary statistics. Because of the complex systems being modeled, the OR team members are expert users of Arena. Balancing the required complexity with reasonable run times was an achievement. Innovative programming and modeling refinements have improved the usability and efficiency of the models. Initially, one replication of the simulations took seven hours to run to completion. Currently, multiple replications can be completed in one hour. Francois van Huyssteen, Director of Analista Systems Modelling, the South African supplier of Arena, stated that Sasol is the only company in South Africa which has applied, implemented and sustained effective decision support over the long term on this scale and at this level of complexity. This team has pushed the limits of Arena, in particular with regards to communicating with external software packages and in applying discrete modeling in a continuous process world. (van Huyssteen 2010) Malherbe (2008) provides a good summary of using Arena to support strategic decision making in the petrochemical production environment.
The OR team also uses other analytical methods to build, validate, and apply the models, as we describe below.
1. Plant conceptualization: this involves the translation of chemical processes and production into OR models.
2. Analytics: Process information about the plant provides a wealth of data from flow meters and other measuring devices. The analysts clean the data set for each variable by removing the time periods for startups, failures, and shutdowns. We analyze these events and reintroduce them into the simulation as incidents and operating logic. We then analyze the remaining data in the data set to identify a distribution for use in the simulation model. Our tool of choice for determining the distribution that best represents the data is ExpertFit (Law 2007) . This software determines which of 40 distributions best fits the data and provides the proper format for a range of simulation packages, including Arena. We extend this approach to capture the correlation in time to reflect the dynamic representation of feed streams.
3. Reliability and maintainability analysis: Identification of failure frequencies and repair times as inputs to the stochastic simulation models requires careful analysis of historical information. A failure can be local to one process unit or involve several process units, and can vary in duration from a few minutes to several weeks.
4. Optimization: Fuels blending is not a simple continuous process because Sasol blends fuels in batches based on the available fuel components and market requirements. The volume and properties of fuel components vary with chemical production requirements. Therefore, Sasol does not use a standard blend recipe; it identifies the best blend given the properties of available fuel components at the time a blend is required. The fuels blending model (see Appendix A) uses optimization to determine the blend that optimally meets fuel specifications.
5. Testing: This involves validation and scenario testing.
6. Statistical analysis for interpretation of results for decision support: We use Excel, Statistica, and R to analyze and interpret the results of our simulation runs for decision support. Because our facilities are complex, the models are complicated. The large amount of output generated requires expert interpretation and communication of results.
Implementation
Production of synthetic fuel at Sasol starts in the gas factory, where 80 independent batch reactors, called gasifiers, convert coal, oxygen, and steam to a crude synthesis gas. The coal is added in batches to the top of the gasifiers at regular intervals, and ash is removed from the bottom as a by-product. Although the feedstock is added in batches, crude gas production is continuous. This crude gas is the main feed stream required to produce fuels. Several downstream processes clean the crude gas; each generates multiple product streams, some of which are used in the fertilizer, explosives, and pharmaceutical industries. Natural gas is also reformed and fed into the process. The nine proprietary Fischer-Tropsch reactors, which convert the purified gas streams into Sasol's synthetic crude oil, are at the heart of the Sasol process. This synthetic crude oil is separated into several component streams that feed into the refinery (liquid factory). The different refinery streams are distilled and enhanced to form fuel components, which are used for blending gasoline, diesel, and jet fuel. Sasol uses some streams as chemical feedstocks (see Figure 1) .
The systems to be modeled are large, highly integrated, especially with respect to availability and capacity, and have several complications, as we list below.
1. Upstream plants and process units affect downstream production.
2. Bottlenecks and constraints downstream can also influence the operation of upstream units.
3. Storage facilities for liquid streams between process units can be used to compensate for incompatible running rates. This is not feasible for gas process units. Any incompatibility in rates in gas process units results in the gas being flared (i.e., burnt) and wasted.
4. Feedback or recycle loops may be necessary to improve product quality. Recycles complicate the modeling, because part of a product stream returns to the unit and mixes with the new input volumes to be processed. This requires dynamic mixing and calculation of the combined feed stream.
5. Output from one process unit may feed multiple destination process units.
6. The refinery consists of many distinct process units that can be combined in different ways depending on the type of fuel required.
7. When a process unit returns to service after a failure, it will be run at a higher rate to make up for production loss, thus leading to short-term operational changes.
In addition to the complications, many sources of variability affect production, including the following:
-shifts (day and night), weekday and weekend, and schedules; -seasonal effects; -deterioration of equipment; -maintenance and renewals to restore operating capacity; and -quality and composition of feedstocks and products. Figure 2 illustrates a plot of a chemical produced by a process unit.
The OR team built three large simulation models to specifically meet Sasol's requirements.
1. The gas factory model covers the process from raw materials (coal, water, and air) to the production of synthetic crude oil.
2. The liquid factory model simulates the refining of the synthetic crude oil and the associated chemical production processes.
3. The fuels blending model blends the different fuel components into multiple grades of gasoline and diesel according to fuel specifications.
The three simulation models together span the coal-to-liquids value chain from inputs, through key steps in the process, to outputs. Appendix A contains descriptions of the models.
The models can be used independently or in series; that is, the outputs from the gas factory model can be used as inputs to the liquid factory model, and the outputs from the liquid factory model can be used as inputs to the fuels blending model. We did not integrate the three models into one package because the resulting model would be extremely large, cumbersome to maintain, and time consuming to run.
Introducing a new analysis technique at Sasol was a challenge. As new as chemical processes were to most OR experts, so too were OR and simulation to most chemical engineers. Convincing engineers, operators, and decision makers of the benefits of considering variability and dynamics required tenacity. Fortunately, the strength and value of the work and the support of enthusiastic champions allowed the OR team to grow and thrive. The need for stochastic simulation is now widely recognized at Sasol, and the team has a solid reputation within the company. In addition, the stochastic simulation-modeling work was a critical foundation for OR at Sasol. The size and composition of the team ensure a creative synergy and, most importantly, the opportunity to pursue an OR career within the company.
Innovation
The OR team developed original methodologies and made creative use of available tools in modeling Sasol's unique petrochemical production environment. The petrochemical industry is not a typical application of discrete-event simulation modeling, and Sasol's synthetic fuel production is not a typical petrochemical process. The combination of the three models is the world's first discrete-event simulation model of a coal-to-liquids value chain. Building simulation models that simplify such complicated, interdependent systems with sufficient granularity was a challenge.
In addition, the coordination and integration of the discrete-event simulation models with mass balance models and LP models provide a robust set of decision support tools. Figure 3 shows the total integrated decision support process. When a question is asked, scenarios are developed. An engineering design that defines the required process adaptation is created for each proposed solution. A steady-state average mass balance is developed based on the anticipated chemical reactions and forecasted yields. In some cases, this mass balance is used in a planning LP model and stream allocations are optimized based on the steady-state averages. The mass balance case and the optimized case become the starting points for the specific stochastic simulation model. The stochastic simulation models are run hour by hour and day to day to check variability in fuel and chemical component flow, operability, storage tank utilization, flaring risk, and overall production capacity (with the addition of failure events). Bottlenecks and constraints are identified, allowing recommendations to be suggested to address them. Fuel blending also makes use of a steady-state blending model or blend optimizer on a smaller scale (i.e., smaller time bucket) than the LP planning model to propose an optimized blend for each type of gasoline blend.
Using these models together allows the development of solutions that reflect the underlying mass balance, optimization of key factors, and variability and dynamics of the production facilities.
Benefits
Stochastic simulation models form an important part of Sasol's decision support because they are the only models that capture the variability of operations over time. Sasol uses them to support a range of high-level and capital-intensive decisions and to test business cases for modifications to existing facilities. The wide range of applications for these models is a tribute to both the versatility of the analysts and the models and clearly indicates decision-maker support. Sasol's ability to sustain and improve these models over the last 10 years has resulted in an excellent return on the investment.
We used model recommendations to save capital, build business cases, and identify incremental changes that allow production throughput to be improved or sustained. We also saw other quantitative benefits when we used model recommendations to reduce waste (i.e., flaring and overflow). The following four examples, which illustrate key types of decision support, have a quantitative value-added benefit that is directly attributable to OR. During 2000 to 2009, they resulted in estimated value addition in excess of $230 million to Sasol.
Capital Savings
Problem: Government regulations for cleaner fuels resulted in the phasing out of leaded gasoline by encouraging sales of unleaded gasoline. This required changes to fuel components, blend recipes, infrastructure, and process units.
Solution: The OR team used the fuels blending model and the liquid factory model to analyze plans for the phased transition from leaded to unleaded gasoline. We tested the infrastructure and optimized the blends for each phase. We used the fuels blending model to identify optimal blends at key points in the transition, allowing an analyst to perform a more realistic assessment than was possible using the averagebased models. This enabled the OR team to develop a feasible plan to prevent off-specification gasoline over the entire period. This plan avoided the construction of a complete process unit and a 9.25 million-gallon storage tank, thus saving Sasol $141 million.
Prevention of Production Loss
Problem: Fuel specifications have become more restrictive with respect to the amount of benzene allowed in gasoline. This required Sasol to make major changes in its refinery to reduce the benzene. The impact of the addition of either a benzene alkylation unit or a benzene hydrogenation unit in the liquid factory needed to be investigated.
Solution: An engineering study showed that both options were feasible. The liquid factory model and fuels blending model were used to compare these alternatives with emphasis on product quality, fuel component composition, and impact on existing units. The stochastic simulation models showed that the benzene alkylation unit produced better-quality fuel products and reduced flaring, saving $6.5 million per annum. This saving could only be estimated by MOSS because of its ability to capture the dynamic system in sufficiently small time intervals. Although the final decision on the process unit is pending, the OR input contributed $33 million to the net present value of the project by identifying the reduction in the flaring, therefore avoiding production losses.
Problem: The erratic availability of chemical components for the polypropylene (plastic) plant made operating the plant difficult. A number of options were proposed to reduce variability, including adding storage tanks and changing operating philosophies.
Solution: The liquid factory model was used to simulate the operation and identify storage tank requirements to stabilize production. The model also assisted in development of an online control philosophy for this new tank. We estimate that when we implement the model's recommendations, Sasol will save $40 million per year by reducing its production losses.
Operating Savings Problem: Sasol manufactures the proprietary catalyst for the Fischer-Tropsch reactors on-site; the reactors are the most important process units in the coalto-liquids value chain. Shutdowns and maintenance on catalyst production process units pose a large risk with regard to catalyst shortage. In the past, extended shutdowns of the catalyst manufacturing process units have caused production losses.
Solution: The gas factory model was used to ensure that the continuous Fischer-Tropsch reactors could 
Issue
OR work EOJC
Growth program
The gas factory and the liquid factory models were used to test feasibility and profitability of growth at Secunda. Initial studies showed that the liquid factory was unable to process additional synthetic crude oil without modification. Follow-up studies investigated different modifications, such as addition of storage tanks, rerouting of products streams, and planning for shutdowns to achieve the planned increase in production. The models also showed that the availability of oxygen was a bottleneck in the production process.
$1.2 billion
Addition of catalytic cracker process unit to refinery for fuel specifications A new process unit was added at the Secunda facility, allowing Sasol to meet changes in fuel specifications. Because it was the first of its kind in the world, advice was needed on the proper integration and operating philosophy. The models were used to compare scenarios and assess their feasibility and profitability. The analysis identified the best shutdown philosophy, storage tank requirements, and associated risk. The analysis also provided insight on the availability of the integrated system.
$573 million
Justification of ethylene purification unit The liquid factory model was used to investigate the business case for an ethylene purification unit. The model showed that the facility produces sufficient ethylene to justify another purification unit.
$220 million
Study of pipeline options between Secunda and Sasolburg
The fuels blending model was used to investigate options for transferring fuel components from Secunda to Sasolburg by pipeline.
$97 million
Maintenance of gasifiers to improve throughput The gas factory model was used to show that maintenance on gasifiers and modifications would potentially remove more production bottlenecks than purchasing additional gasifiers (see Appendix B). be kept online by correctly planning the shutdowns, buffer levels, and batch process operation for catalyst replenishment. The MOSS methodology accurately reflected the combined continuous and batch aspects of this process, averting a loss of $28 million. The above four projects illustrate the strength, capability, and versatility of the MOSS methodology. The OR team has been involved in many other projects over the last 10 years. Table 1 summarizes some of these long-term projects. We show the end-of-job cost (EOJC) for these projects to indicate their size. We have not specifically shown the OR contribution in the table because multiple teams worked on the projects and multiple models were used to support the decisions.
$61 million
The models have supported many other projects and provided qualitative benefits. Most importantly, Sasol uses them to gain an understanding of its complex and integrated systems. They give Sasol the ability to explain, interpret, troubleshoot, and improve operations, and help minimize production risks by allowing the OR team to test operating philosophies and schedules. The team uses the models to ensure the effective use of scarce resources. The models also ensure that products are of sufficient quality to meet market demands and government regulations. In addition, by making production more efficient, the models reduce waste and emissions, contributing to a cleaner environment.
If Sasol had continued as it had operated previously, it probably would have overdesigned facilities and commissioned unnecessary equipment, resulting in higher production costs. In some cases, projects based on averages would have been infeasible because its previous processes did not consider variability and the interactive nature of the production process. In other cases, estimated production increases would have been overestimated because secondary bottlenecks would not have been identified. According to Fleetwood Grobler, Executive Manager for Business Development and Implementation at Sasol Technology,
The stochastic simulation models developed by our OR team are entrenched and embedded in Sasol's capital decisions for major projects. No capital proposal is taken to the Sasol Board by business unit senior management unless the stochastic operation model results are reported as part of the business process and solution. (Grobler 2010) 
Lessons Learned
Perseverance and teamwork were the keys to our success in developing Sasol's petrochemical stochastic simulation models. The contribution of the clients and subject matter experts was and continues to be crucial in building, applying, and improving the models. Providing clear and relevant results to clients, and ultimately to decision makers, ensures the success of such projects.
Future model developments will support decisions about changes to existing facilities, new facilities both in South Africa and other parts of the world, additional value chains, increasingly restrictive fuel specifications, and energy trade-offs.
The MOSS methodology can be improved in some areas. For example, a recent research project investigated the historical correlation between key variables in the liquid factory model. It evaluated techniques to reflect these correlations in the models without significantly increasing their computation and execution time. Additional analysis to model input time series for key variables is a future research project.
Although this methodology is particularly suited to continuous production followed by batch blending processes in which interactions and variations in inputs and outputs are important, the work is easily portable. We believe that Sasol's stochastic simulation models have application in the wider fuels and chemical industries for liquid-and gas-based production processes.
Conclusion
This work has changed two disciplines at Sasol. Chemical engineering can now analyze the dynamics of complex value chains. OR has a proven methodology to model continuous and batch processes in a petrochemical production environment. Stochastic simulation modeling has been a powerful addition to Sasol's OR toolkit, providing both quantitative and qualitative benefits. The models have given Sasol a technological edge over its competition. The strength of this work has made OR a key player in Sasol's business decision processes. Pat Davies, Chief Executive of Sasol, concluded, The Operations Research team has applied innovative thinking and creativity to develop stochastic simulation models of the complex Sasol facilities. These models have a wide range of applications, which is a tribute to the versatility of both the models and our talented people. I can attest to the valuable decision support they have provided to me and my team. (Davies 2010) Appendix A. The Sasol Stochastic Operations Models
The first step in building our models is to develop a system flow diagram and an operating document for the facility in question to enable understanding of the process. The document, which is prepared for every subprocess in the facility, includes storage tanks, operating rules, conversions to yields, market changes, and other decisions that depend on specific conditions; these conditions include time of year, availability of downstream units because of shutdown, failure, or storage capacity, and anything that could influence the allocation of volume to subsystems or change throughput. In addition, multiple businesses, interbusiness transfers, facilities, and process units must be considered. Business units must agree on the assumptions in this document, which forms the basis of the models. A model must be validated by plant engineers and compared with data from operations.
The flow diagram (see Figure A .1) shows a simple example of typical complexities that we encounter. Consider a plant with six process units, P1 to P6, connected by 28 pipelines, streams S1 to S28. The plant has two storage tanks, T1 and T2, and two product flares (waste), F1 and F2. It receives input feed stream, I1 to I4, from upstream suppliers, and sends the final product to five customers, C1 to C5. Grey shapes contain stochastic components; white shapes contain calculations and logic.
Although the plant runs as a continuous process, we use the MOSS methodology to model it as a discrete process, choosing a sufficiently short interval to ensure that the effect on results is negligible.
Actual plant information is used to identify the characteristics of, and to define distributions for, each input feed stream, process unit, and customer requirement, which the flowchart shows as grey shapes. At the beginning of each interval, the model chooses an independent random value for each grey shape. This defines, for example, the volumes of input feed streams, I1 to I4, the rates of production for process units, P1 to P6, and the capacities of customers, C1 to C5. The input streams flow through the plant to the customers by calculating each stream in the plant, S1 to S28. When a stream gets to a process unit, it can be split in one of two ways. First, the stream can be split according to the process unit's design specifications. In this example, all the process units are such processbased splitters. For example, stream S4 arrives at the process unit P3 and is split up into stream S9 and S10. Second, the stream can be split based on operating rules. In this example, all the logic processes, L1 to L4, are decision-based splitters in which variable parts of a stream can be sent to different destinations. The I1 input stream can be sent to either P1 or P4, or part of the stream can be sent to both. This decision will be based on the underlying operational philosophy. The S1 stream is split up into streams S5 and S6 according to the operational rules in the L1 logic block. Note that the logic blocks are not physical process units; they exist only in the simulation model.
A mismatch between the upstream producer and downstream receiver can be rectified if a storage tank exists. For example, if P3 produces more of S10 than P6 and C5 require, we divert the excess to storage tank T1. If P3 produces less of S10 than P6 and C5 require, the shortage is retrieved from T1 via S16, if product is available in the storage tank.
If there is excess product because the downstream process does not have enough capacity and no storage is available, then the excess gets flared. For example, if stream S1 is more than P1 and P4 require, then the excess is flared via F1.
To properly model the flow of streams in the plant, the sequence of calculations of the blocks must be controlled. The values in squared brackets indicate the sequence of execution. In each interval, the blocks are visited in sequence. At each process unit, the logic is evaluated with respect to all the relevant streams, flare amounts, and storage tank calculations, which include the storage tank input and output streams and the new storage tank levels. The calculations can easily be verified by performing a mass balance check between input streams and output streams, taking the flares and new storage tank levels into consideration.
Each block in our models (e.g., streams, process units, storage tanks) has 100 possible variables that can be updated and used as needed to make the decisions at each interval. Examples include maximum capacity, composition, and flows.
The entire process is repeated each interval. The level of each storage tank at the end of the previous interval becomes the starting level for the current interval. We usually run the model for four years of simulated time at one-hour intervals, repeating the process more than 35,000 times. In addition, we run the model for a number of replications using different sets of random numbers to simulate multiple possible outcomes for the four-year period. Our purpose is to understand the impact of different sets of failures on production, providing a range of answers and associated probabilities. Depending on the model granularity, the model can approach reality in calendar time, because deterministic events such as shutdowns can easily be added to the model to run with the stochastic components, for example, failures and natural process variations.
Sasol's suite of stochastic simulation models has been built using the MOSS methodology. All three models have the following characteristics:
1. Schedules for production, planned maintenance, and shutdowns; 2. distributions for failure frequencies and repair times; 3. flow distributions; 4. fouling that slowly blocks up equipment over time;
5. transfer capacities, in particular between the East and West factories.
Each model also has some unique characteristics, we outline below.
Fuels Blending Model
The fuels blending model, which we completed in 2000, was the first model we built. It blends fuel components produced by both Sasol's synthetic oil refinery and a more traditional crude oil refinery in batches when available components and market demand make it desirable. A complicating factor is that the volume and properties of the fuel components depend on availability of chemical process units and decisions to use streams elsewhere. Some of the variables considered include the allocation and levels of storage tanks, property distributions for each input stream (e.g., octane, benzene), pipeline capacities, market parcel sizes, and fuel orders. Because the fuel components originate from multiple sites, we include the supply chain in the model.
Model outputs include volume of fuel produced, properties of blends, graphs of storage tank usage, waste, frequency of failed blends, off-specification material handling, and market shortfall.
The model uses optimization to identify the optimal product blend, as required. The objective function and main constraints are embedded in a nonlinear programming (NLP) solver in Excel. When a new blend is required, the fuels blending model leaves Arena, solves the NLP model in Excel, and then returns back into Arena to continue the simulation using the properties of the best blend. Janse van Rensburg and Meyer (2002) describe how they linked simulation and optimization in this model. The fuels blending model is used to identify the best way to blend over time given a set of fuel components, to recommend changes to operations to improve the blends, to assess the impact of future scenarios (e.g., changes to government regulations on fuel specifications), and to analyze the cost-effectiveness of infrastructure upgrades.
Liquid Factory Model
The interest that the fuels blending model generated led to the development of a simulation model of Sasol's synthetic oil refinery (i.e., the liquid factory) during 2003. The liquid factory has the synthetic crude oil that Sasol produces as its main input. The model simulates the processes of Sasol's East and West refineries, associated chemical plants over multiple sites, and the integrated distribution network. The model uses a mass balance across the whole liquid factory as input for stream allocation and yield settings. Outputs include volumes of fuel and chemical components, bottleneck units, and flaring because of storage constraints.
We use the model to analyze the impact of major initiatives, including new process units and capacity expansions, to test different options for storage tank sizes and operating philosophies to reduce variability and waste. It has also been used to remove production bottlenecks and to assist with the yearly production budgets for Sasol Polymers. Van der Merwe (2007) discusses a major initiative that this model supported.
Gas Factory Model
The gas factory model simulates the production of synthetic crude from coal and natural gas. We began work on this model in 2005, and developed it in two phases; the first phase includes the gasification section or gas production; the second phase includes the Fischer-Tropsch reactors or gas circuit. The model includes the East and West factories, which primarily run independently. It captures the difference in operating philosophies and resultant availability differences. We faced two challenges in developing this model: (1) multiple process recycles in the plants, and (2) very complicated chemical-reaction kinetics. We developed innovative OR approaches to address these challenges.
Sasol has used the gas factory model for a number of studies, in particular for capacity expansions of feedstock plants and utility plants that provide inputs to the gas factory, and thus to Sasol's overall production process. This model can identify bottlenecks Bottleneck unit identification Impact of maintenance changes and determine their impact on production. It can also show losses due to flaring, which often result from inadequate storage.
Appendix B. Case Study-Investigating Options for Improving Gas Factory Throughput
Over the years, the throughput of the gas factory decreased. The consensus at Sasol was that the reliability and availability of the gasifiers (GG) in the gasification plant were key reasons for the decrease. Plant engineers proposed two potential solutions to restore the throughput of the gas factory to its original levels: 1. maintenance and upgrade of existing gasifiers; 2. installation of additional gasifiers in the gasification plant to increase capacity.
Both approaches were potentially viable, and the OR team was asked to use the gas factory model to test and compare these approaches for the integrated gas factory. The model showed that the gasification plant was not the only cause of the reduction in overall throughput; two other downstream plants were bottlenecks in the gas factory. The engineers then developed maintenance plans for the two additional plants.
The results we show in this appendix focus on three maintenance scenarios and the purchase of up to four additional gasifiers. Although the numbers shown are not actual values, they are representative of the results reported (see Figure B .1).
The graph on the left shows the throughput per hour as a yearly average for the gas factory. The line Bottleneck frequencies % Figure B .2: The graphs show gas factory throughput and bottlenecks identified as we added gasifiers.
on the chart indicates the original throughput. The base case shows the deteriorated throughput before any interventions. Maint S1, S2, and S3 show the estimated throughput when we implemented each maintenance scenario in succession. The graph on the right shows the percentage of time that each plant was a bottleneck in each scenario. In the base case, both the gasification plant and Plant 3 are bottlenecks; the stochastic simulation model was the only tool that showed this. Maintenance scenario 1 (Maint S1) analyzes plans to upgrade the gasification plant by replacing equipment with high failure frequency with improved technology. The objective was to restore the gasification plant to its original availability. The stochastic simulation model showed an improvement of 66 units in the production of gas per hour-approximately half the desired increase in production. As the graph shows, Maint S1 is successful because gasification is no longer the major bottleneck; however, Plant 3 becomes the bottleneck. This demonstrates the value of the stochastic simulation model. Improving the availability of the gasification plant does not achieve the desired improvement in overall throughput because of a bottleneck in a downstream plant.
Maintenance scenario 2 (Maint S2) aims to upgrade and remove the bottlenecks in Plant 3, replacing old equipment where needed. When Maint S2 and Maint S1 are implemented, 52 additional units of gas per hour result. The total improvement for both scenarios, 118 units of gas per hour, is much closer to the goal. On the bottleneck graph, the column labeled Maint S2 shows that as the situation at Plant 3 improves, the bottleneck migrates to Plant 2.
The engineers developed maintenance scenario 3 (Maint S3) to improve the throughput of Plant 2. It added 14 units of gas per hour to the product stream, bringing the total additional value for the three maintenance scenarios to 132 units of gas per hour, and thus surpassing the target and restoring the gas factory to its original throughput.
Our next step was to determine the effect of adding new gasifiers. We tested four scenarios: GG + 1, GG + 2, GG + 3, and GG + 4. In each scenario, we added a new gasifier with a production capacity of 30 units of gas per hour, increasing the total potential capacity to 120 units of gas per hour. The gas factory model results in Figure B .2 show the increase in throughput as each gasifier is added. The results show a total increase of 58 units of gas per hour when we add four gasifiers-half of the potential additional capacity.
The gas factory model showed that making modifications to remove bottlenecks had more potential to improve throughput than purchasing additional gasifiers. Sasol has approved all three maintenance scenarios and is currently implementing Maint S1.
